Perceptual learning of 10-AFC texture identification is stimulus specific: after practice, identification accuracy drops substantially when textures are rotated 180°, reversed in contrast polarity, or when a novel set of textures is presented. Here we asked if perceptual learning occurs without any repetition of items during training, and whether exposure to greater stimulus variation during training influences transfer of learning. We trained three groups of subjects in a 10-AFC texture identification task on 2 days. The Standard group viewed a fixed set of 10 textures throughout training. The Variable group viewed 840 novel sets of textures. The Switch group viewed different fixed sets of 10 textures on Days 1 and 2. In all groups, transfer of learning was tested by using fixed sets of textures on Days 3 and 4 and having half of the subjects from each group switch to a novel set on Day 4. During training, the most learning was obtained by the Standard group, and gradual but significant learning was obtained by the other two groups. On Day 4, performance of the Standard group was adversely affected by a switch to novel textures, whereas performance of the Variable and Switch groups remained intact. Hence, slight but significant learning occurred without repetition of items during training, and stimulus specificity was influenced significantly by the type of training. Increasing stimulus variability by reducing the number of times stimuli are repeated during practice may cause subjects to adopt strategies that increase generalization of learning to new stimuli. Alternatively, presenting new stimuli on each trial may prevent subjects from adopting strategies that result in stimulus specific learning.
Introduction
Practice improves performance on sensory tasks, a phenomenon that is referred to as perceptual learning (Ahissar & Hochstein, 1996; Ball & Sekuler, 1987; Fiorentini & Berardi, 1981; Karni & Sagi, 1991; Schoups, Vogels, & Orban, 1995; Sigman & Gilbert, 2000; Yi, Olson, & Chun, 2006) . Perceptual learning often is stimulus specific: the effects of practice largely are restricted to the trained stimuli and conditions, such that performance returns to baseline when the stimuli are altered or shifted to a different location in the visual field, or when the task demands are modified (Fiorentini and Berardi, 1981; Schoups, Vogels, & Orban, 1995; Yi, Olson, & Chun, 2006) . Although exceptions to stimulus specific learning have been reported , specificity is the norm in the literature and is often used in inferring the neural correlates of learning (Karni & Bertini, 1997) . Here, we investigate the extent to which stimulus specificity depends on the amount of stimulus variation afforded during practice.
The procedure in most perceptual learning studies involves extensive practice with a limited set of stimuli. When learning to discriminate stimulus orientation, for example, subjects typically receive several thousand practice trials with a target in a particular orientation, and none with targets in other orientations or other locations in the visual field (Matthews et al., 1999; Schoups, Vogels, & Orban, 1995) . Could practice with a wider range of stimulus conditions increase generalization to novel conditions? Two kinds of perceptual learning studies provide different answers to this question: When practice occurs under roving conditions that interleave stimulus variants during training, there is little or no learning (Adini et al., 2004; Otto et al., 2006; Yu et al., 2004 but see Zhang et al., 2008 , or small improvements occur but only after 4-5 times more practice than is required to produce learning in non-roving conditions (Parkosadze et al., 2008) . This type of result suggests that increasing stimulus variation during practice may slow down the acquisition of stimulus specific learning. On the other hand, ''double training'' -i.e., simultaneous, blocked training of more than one stimulus dimension -increases transfer of learning across stimulus dimensions. For example, whereas perceptual learning typically is constrained to the trained retinotopic location, improvements in contrast discrimination transfer to a second location in the visual field when subjects practice another task 0042-6989/$ -see front matter Ó 2012 Elsevier Ltd. All rights reserved. doi:10.1016/j.visres.2012.01.005 (orientation discrimination) at that location . Furthermore, transfer of learning to untrained retinotopic locations can be increased by pre-tests at the untrained sites (Zhang et al., 2010) . These studies suggest that the amount and generalization of learning may be increased by certain types of stimulus variation during practice.
To directly test whether stimulus variation influences generalization of learning, we used a 10-AFC texture identification task. The standard task involves matching of a briefly presented, noisy texture to one of 10 alternatives. This task yields robust stimulus specific learning when the same set of 10 textures is repeated throughout the session (Hussain, Sekuler, & Bennett, 2009a) . Performance drops almost to baseline when a novel set of textures is substituted in place of the trained items, when the trained items are rotated by 180°, or they are reversed in contrast polarity. In the experiment reported here, novel textures were presented on every trial of the 10-AFC task, thereby increasing the variability of stimulus exposures. The questions were: (i) Does learning occur under conditions of high stimulus variability, when no texture is presented more than once? (ii) Does learning under conditions of high stimulus variability improve generalization to novel items? We also examined whether prior experiences of transfer across stimuli increases subsequent transfer of learning.
Methods

Subjects
Eighty-four McMaster University undergraduate students participated in this experiment. All subjects had normal or corrected-to-normal Snellen visual acuity. The mean age and years of education were, respectively, 19.72 (SD = 2.68) and 15.89 (SD = 2.23). All subjects were compensated for their participation with a small stipend ($10/h) or partial course credit for participating in the experiment. All subjects also were naï ve with respect to the aims of the experiment and had no previous experience in this task.
Apparatus and stimuli
Stimuli were generated in Matlab (v. 5.2) using the Psychophysics and Video Toolboxes (Brainard, 1997; Pelli, 1997) , and displayed on a 21 00 Sony Trinitron monitor (1024 Â 768 pixels) at a frame rate of 85 Hz. Average luminance was 62.5 cd/m 2 . Display luminance was measured with a PhotoResearch PR650 photometer, and the calibration data were used to build a 1779-element lookup table (Tyler et al., 1992) . Customized computer software constructed the stimuli on each trial by selecting the appropriate luminance values from the calibrated lookup table and storing them in the display's eight-bit lookup table.
The textures were band-limited noise patterns created by applying an isotropic, ideal band-pass (2-4 cy/image) spatial frequency filter to white gaussian noise (Fig. 1) . Stimulus size was 256 Â 256 pixels, subtending 4.8°Â 4.8°of visual angle from the viewing distance of 114 cm. Each selection screen comprised a set of 10 thumbnail images of textures each subtending 1.7°Â 1.7°of visual angle. During the experiment, stimulus contrast was varied across trials using the method of constant stimuli. Seven levels of contrast were spaced equally on a logarithmic scale across a range that was sufficient to produce significant changes in performance in virtually all subjects. The textures were shown in one of three levels (low, medium and high) of static two-dimensional Gaussian noise (contrast variance = .001, .01, or .1). Hence, subjects viewed each texture at a signal-to-noise ratio that varied significantly across trials. There were 21 different stimulus conditions (seven contrast levels Â three external noise levels), and these 21 conditions were randomly intermixed within a session.
Procedure
All subjects performed four sessions of a texture identification task at approximately the same time on consecutive days. Days 1 and 2 were designated the Training days; Days 3 and 4 were designated the Test days. Subjects practiced the task in one of three conditions during Training days: Standard, Variable or Switch (N = 28 per group). In the Standard condition, a fixed set of 10 textures was used throughout the Training days. In the Variable condition, a novel set of 10 textures was generated on each trial for both days; no texture was shown more than once. In the Switch condition, a fixed set of 10 textures was used on Day 1 and subjects switched to a novel set of 10 textures on Day 2. On Day 3, all subjects performed the task with a fixed set of 10 textures, which was identical for all three groups: subjects in the Standard training condition viewed the same textures used during the Training days, whereas subjects in the Switch condition again switched to a novel set of 10 textures (i.e., they switched to a novel set for the second time). Subjects in the Variable group performed the task on Day 3 with a fixed set of 10 textures for the first time. On Day 4, half the subjects from each group (i.e., 14 subjects from each of the 3 groups) performed the task with the same textures used on Day 3; the other half of the subjects performed the task with a novel set of 10 textures not shown previously. Sessions on Days 1 and 2 comprised 20 trials per stimulus condition for a total of 420 trials per day. Therefore, during Training, the Standard group had 840 views of one set of 10 textures, the Variable group had one view of each of the 840 sets of 10 textures, and the Switch group had 420 views each of two sets of 10 textures. Sessions on Days 3 Fig. 1 . Examples of the texture stimuli. Each texture was created by applying an isotropic, band-pass (2-4 cy/image) ideal spatial frequency filter to gaussian white noise. and 4 comprised 40 trials per stimulus condition for a total of 840 trials.
On each day, subjects were seated in a darkened room 114 cm away from the monitor. Viewing was binocular, and viewing position and distance were stabilized with an adjustable chin-rest. The experiment started after a 60 s period during which time the subject adapted to the average luminance of the display. A trial began with the presentation of a black, high-contrast fixation point (0.15°Â 0.15°) in the center of the screen for 100 ms, followed by a texture, selected randomly from one of the 21 stimulus conditions, presented for 200 ms at the center of the screen, (i.e., foveally). After the texture disappeared, the entire set of 10 textures was presented as noiseless, high-contrast thumbnail images, in a selection screen. Five thumbnails were presented on the top half of the screen, and five on the bottom half. For fixed texture sets, the location of each texture in the response window was constant across trials and days. The subject's task was to inspect the thumbnail images, and decide which one of the 10 textures had been presented during the trial by clicking on the chosen texture with a computer mouse. Auditory feedback in the form of high-pitched (correct) and low-pitched (incorrect) tones informed the subject about the accuracy of each response, and the next trial began one second after presentation of the feedback.
Results
We calculated proportion correct (collapsed across noise and contrast levels) for Days 1-4. On Training days (Days 1 and 2), proportion correct was calculated separately for the three training groups. On Test days (Days 3 and 4), proportion correct was calculated separately for the same-stimulus and novel-stimulus groups within each training group. Note that the stimulus grouping was operational only on Day 4, when half the observers from each training group switched to a novel texture set.
Training days
On Day 1, average accuracy did not vary across groups, as confirmed by a one-way ANOVA showing no effect of Group (F(2, 81) = 0.45, p = 0.64). The total improvement during the training days was computed for each subject as the difference between average accuracy on Days 1 and 2. The Standard group improved by 20% from Day 1 to Day 2, whereas the Variable group improved by 8%, and the Switch group improved by 6% (see Fig. 2 ). A one-way ANOVA confirmed a main effect of Training on the amount of improvement (F(2, 81) = 31.57, p < 0.0001). A Tukey HSD test indicated that learning in the Standard group differed from learning in each of the Variable and the Switch groups (p < 0.0001), but that learning in the Variable and Switch groups did not differ. Therefore, the most learning occurred in the Standard condition. Separate t-tests confirmed that there was significantly positive learning in the Variable group (t(27) = 6.61, p < 0.0001) and the Switch group (t(27) = 3.99, p < 0.001). Hence accuracy increased even when no texture was shown more than once (Variable) and when the texture set was switched across days (Switch). Fig. 3 shows accuracy of all groups on Days 3 and 4. Accuracy on Day 3 was analyzed with a one-way ANOVA, which revealed a significant effect of Group (F(2, 81) = 3.96, p = 0.023). A Tukey HSD test indicated that the Standard group's accuracy was greater than that of the Switch group (p = 0.02); no other group difference was significant.
Test days
For each subject, we calculated the difference between Day 3 and Day 4, which measures the effect of a switch (or non-switch) to novel textures on Day 4: Positive difference scores indicate improvement across days, zero scores indicate no change, and negative difference scores indicate a drop in performance. Fig. 3 shows that, for the Same texture groups, accuracy increased from Day 3 to Day 4 for all three types of training. For the Novel texture groups, accuracy decreased substantially for the Standard group, and little to not at all for the other two groups. The difference scores were submitted to a 2 (Stimulus: same vs. novel) Â 3 (Group: standard, variable, switch) between-subjects ANOVA. There was a significant main effect of Stimulus (F(1, 78) = 81.73, p < .0001), which indicates that the novelty of the textures influenced the amount of improvement (Fig. 3) . This Stimulus effect replicates previous reports of stimulus specific learning in this task (Hussain et al., 2009a) . There was an effect of Group on the difference scores (F(2, 78) = 13.0487, p < 0.001), and the Group Â Stimulus interaction also was significant (F(2, 78) = 4.49, p = 0.014). The interaction was decomposed with two one-way ANOVAs that examined the effect of Group separately for the two stimulus types. For the same textures, there was no effect of Group on the difference scores (F(2, 39) = 1.6541, p = 0.20), indicating that the amount of improvement from Day 3 to Day 4 did not differ with type of training. For the novel textures, there was a significant effect of Group on the difference scores (F(2, 39) = 12.49, p < 0.0001), indicating that type of training influenced transfer to novel items. Tukey HSD tests showed that, for novel stimuli, the difference scores of the Standard group differed from the Variable group (p = 0.005) and the Switch group (p < 0.0001), and that the Switch and Variable groups did not differ (p = 0.25). Finally, separate t-tests confirmed that, for novel stimuli, the difference scores of the Standard group were significantly less than zero (i.e., performance got worse, t(13) = 4.76, p = 0.0003), which was not the case for the Variable group (t(13) = 0.51, p = 0.61) or the Switch group (t(13) = 2.064, p = 0.06). These results suggest that the type of training affected the amount of stimulus specificity obtained on Day 4. Specifically, a switch to novel textures adversely affected performance of the Standard group, but not the Variable and Switch groups.
Within-session learning: slopes
To assess within-session learning, we calculated proportion correct (collapsed across noise and contrast levels) in separate bins of 105 trials on all days for each of the three groups, yielding four bins each on Days 1 and 2, and eights bins each on Days 3 and 4. Response accuracy in this texture identification task is approximately proportional to the logarithm of the number of practice trials (Hussain, Sekuler, & Bennett, 2009b) , and therefore the slope of the accuracy vs. log-bin function can serve as an index of the rate of learning. We estimated the best-fitting (least-squares) learning function for each subject on each day (designating the first bin on each day as bin 1). The mean slopes are shown in Table 1 . 
Training day slopes
All of the slopes on the training days were greater than zero (t(27) P 6.6 and p < 0.001 in all cases) except for the Variable group on Day 2 (t(27) = 1.22, p = 0.23). The slopes from the training days were analyzed with a 3 (Group; between-subjects) Â 2 (Day; within-subjects) ANOVA, which found a significant main effect of Group (F(2, 81) = 12.36, p < .0001) and Day (F(1, 81) = 11.56, p = 0.001). The Group Â Day interaction was not significant (F(2, 81) = 0.59, p = 0.55). Tukey HSD tests indicated that the slope (averaged across days) in the Variable group was lower than the slopes in the Standard and Switch groups (p < .01), but that the slopes in the Standard and Switch groups did not differ. The main effect of Day reflects the fact that the slope was significantly lower on Day 2. Interestingly, the lack of a Group Â Day interaction means that the reduction in slope across days was similar in all groups. In summary, the analyses of the log slope of the learning function suggests that the rate of learning within each training day was lower in the Variable group than in the other two groups, that there was little or no learning in the Variable group on Day 2, and that the effect of day did not vary across groups.
Test day slopes
A one-way ANOVA showed a significant effect of Group on Day 3 slopes (F(2, 81) = 14.75, p = 0.01). Tukey HSD tests indicated that the slopes of the Variable and Switch group differed from the Standard group (p < 0.05), but not from each other (p = 0.99). This result suggests that the Variable and Switch groups improved more on the fixed set of textures on Day 3 than did the Standard group. Day 4 slopes were analyzed with a 3 (Group) Â 2 (Stimulus) ANO-VA. There was a significant main effect of Stimulus (F(1, 78) = 16.05, p < .001), confirming larger within-session learning for novel than for same stimuli. The effect of Group was not significant (F(2, 81) = 1.303, p = 0.28), and neither was the Group by Stimulus interaction (F(2, 78) = 0.3132, p = 0.73). In other words, the rate of learning on Day 4 did not depend on the type of prior practice.
Discussion
This study examined the effect of stimulus variability on the amount learned and the degree of stimulus specificity of learning. Our results show that stimulus variability affects both the amount learned and stimulus specificity. On Days 1 and 2, learning occurred in each of the Standard, Switch, and Variable conditions, but learning was greatest in the Standard condition, in which subjects saw the same fixed set of stimuli throughout the training phase (Fig. 2) . Less learning was obtained by a group that experienced novel stimuli on every trial (high variability) and by a group that switched to a novel set of textures on Day 2. On Day 3, performance was best for the Standard group, who had more prior experience than the other two groups in identifying the given texture set. Stimulus specificity was measured on Day 4, when half the subjects from each training group switched to a novel set of textures. In the case of the same texture set, all groups showed equivalent improvement from Day 3 to Day 4. For novel textures, the Standard group's performance dropped substantially across days, replicating previous results, whereas the Variable and Switch groups did not show a similar decline in performance (Fig. 3) .
In summary, practice with a relatively small number of items increased the total amount learned initially, and resulted in a high degree of stimulus specificity of learning, whereas practice with a large variety of items reduced the initial amount of learning, but resulted in greater subsequent generalization of learning to novel stimuli. These results are consistent with recent studies that have used alternate training procedures to show that stimulus specificity of perceptual learning is an attribute of the particular training paradigm (Kelley and Yantis, 2009; Xiao et al., 2008; Zhang et al., 2010) .
Slopes
The Standard group had a steeper learning curve during training than the Variable group (Table 1) , suggesting that the use of a fixed set of textures facilitated learning.
Not surprisingly, although the Variable group's slope was relatively shallow during training, it increased on Day 3 when the task was performed with a fixed set of textures. Gradual learning by the Variable group during training presumably represents a more generalizable, procedural component of learning, because the use of novel textures on every trial prevents specificity from occurring.
1
The Standard group, on the other hand, could learn procedural aspects of the task, as well as the particular stimuli during training, resulting in a steeper learning curve for this group.
In typical perceptual learning studies where multiple stimulus repetitions are used, generalizable procedural learning is thought to occur relatively early during training, during a fast phase of perceptual learning (Karni & Sagi, 1993) . Our data suggest that generalizable learning can occur gradually over many trials, and raises the possibility that the initial fast phase observed in many perceptual learning tasks may not consist only of procedural learning. This view is consistent with results reported by Hussain et al. (2010) , who found that a small number of trials is sufficient to produce stimulus specific learning in a 10-AFC face identification task.
On Day 3, the Variable and Switch groups' slopes were steeper than that of the Standard group, leading to almost equivalent performance by the end of the session. Indeed, average performance of the Standard group and the Variable group did not differ on Day 3. Therefore, for the Variable group, one practice session with a fixed set of textures was sufficient to raise performance to the level of a group that had twice the amount of exposure to the same textures.
On Day 4, steeper slopes were obtained with novel textures than familiar textures, but slopes did not vary with type of training. In other words, better performance of the Variable and Switch groups on Day 4 could not be accounted for by faster learning of 1 Although novel textures were presented on each trial in the Variable condition, some aspects of the stimuli, in particular the spatial frequency bandwidth, remained constant. It is possible, therefore, that learning in the Variable condition could be due, at least in part, to subjects becoming better able to extract information from the stimulus bandwidth of 2-4 cy/image. the novel items. Differences in the amount of stimulus specificity on Day 4 arose primarily from changes in the intercept and not the slope of the learning curves.
Uncertainty
The Variable training used here can be likened to roving paradigms used in other tasks where multiple stimulus variants are practiced within the same run. The interruption of learning by roving in contrast discrimination tasks has been attributed to the less efficient selection of relevant sensory channels (Adini et al., 2004; Yu, Klein, & Levi, 2004) . Adini et al. (2004) found that very little learning was obtained with a ''mixed-by-trial'' method, and suggested that selection and decision processes can affect learning of very basic visual discriminations such as contrast. The current experiments, which found less learning during training days in the Variable condition than in the Standard condition, are consistent with Adini et al. (2004) , and suggest that decisional uncertainty also affects learning in more complex tasks such as 10AFC identification. However, learning was not totally abolished during Variable training despite large stimulus uncertainty across trials. Complex tasks such as texture identification require stimulus information to be combined across multiple channels, whilst also relying on decisional processes (Gold, Sekuler, & Bennett, 2004; Hussain et al., 2009a Hussain et al., , 2009b . Perceptual learning may be more robust to the effects of stimulus uncertainty under conditions where multiple channels contribute to the decision stages.
Types of variability
Similar generalization of learning was obtained from the Variable and Switch groups even though the Variable group experienced far more stimulus exemplars than the Switch group. Exposure to two more stimulus sets (i.e., 20 additional textures) was sufficient to diminish the stimulus specificity of learning relative to the specificity obtained in the Standard condition. Increased generalization -in other types of perceptual learning, as well as in practical situations -may thus be brought about by moderate changes to the practice regimen, in addition to exposure to numerous examples of the trained stimulus class.
Types of specificity
In the present experiment we tested transfer to novel textures that had the same spatial frequency components (i.e., 2-4 cpi) as the textures used in the training phase. Hussain, Sekuler, and Bennett (2009a) showed that perceptual learning of a fixed set of 10 textures is specific for texture orientation and contrast polarity. Alerting subjects (prior to training) to the fact that texture orientation and contrast polarity may change does not eliminate the drop in performance that occurs when orientation or contrast polarity are changed in the transfer phase of the experiment, suggesting that this type of stimulus specificity is robust to top-down, strategic effects, at least after practice with a limited number of textures. Exposure to a large variety of exemplars appears to be more effective in increasing generalization, possibly due to the statistical similarities between the transfer set and the (broad) stimulus distribution encountered during Variable training. Whether Variable training with stimuli of given spatial properties enhances transfer for entirely different classes of patterns, for patterns with somewhat different spatial properties, or for similar patterns within a different stimulus bandwidth, remains to be tested.
Conclusion
Perceptual learning is possible in conditions of high stimulus variability, where novel stimuli generated from the same stimulus bandwidth are presented on each trial and no stimulus is shown more than once. The learning curves in such conditions are shallower than those obtained after multiple repetitions of a given set of stimuli. The type of prior practice moderates the extent of stimulus specificity of learning: increasing stimulus variability during training by presenting new stimuli on each trial prevents the drop in performance typically obtained when transferring to a novel stimulus set. Hence, stimulus specificity is partly a product of the type of training. The use of a variety of stimulus exemplars during practice, or distributing a given number of practice trials across a larger number of stimuli, might increase transfer of learning even for relatively basic visual tasks such as orientation discrimination, where stimulus specificity is considered characteristic. 
